The more traditional perspective in Geography views territory as a dichotomous reality of sociodemographic and biophysical characteristics yet, literature states that both territorial dimensions coexist and interact. The number of indicators for each territorial dimension is vast which makes the territory categorization a complex task. Despite it, territory categorization generates knowledge about the differences between territories that improve the planning process and make it more directed and strategic. This work main goal is to test a methodologic approach to categorize Lisbon Municipality area at the statistical section level, integrating information on the physical and social aspects. For this purpose, multivariate and complementary statistical analysis techniques will be used: Principal Component Analysis (applied to the physical and social aspects of the territory) and Hierarchical Classification Analysis (based in the factors extracted in the Principal Component Analysis). The resulting clusters will then be mapped and its distribution will be tested for spatial autocorrelation.
Introduction
Territory can be defined as a delimited and precise space, with multiple dimensions, in which several power relations interact (Albagli, 2004; Faria and Bortolozzi, 2009 ). Territory results from the integration of culture in the environment (Braga, 2007) , however, it is not only a social construction resulting from historical power relations, but also a natural space (Haesbaert and Limonad, 2007) .
The definition of territory varies according to different sciences, which makes this concept ambiguous (Faria and Bortolozzi, 2009) . From a political point of view, territory is closely related to the borders of the State/Nation as in the environmental perspective the territorial biophysical characteristics are emphasized (Faria and Bortolozzi, 2009 ). Once territory integrates several dimensions, namely geographical, anthropological, cultural, social, economical and bioecological (Albagli, 2004) , one can state that the choice of the aspects to be highlighted depends on the research objective and the researchers own conceptualization of territory (Faria and Bortolozzi, 2009 ).
This study is based on a geographical interpretation of the territory as a combined space, resulting from a set of processes in which the material, physical and social aspects of human action are inseparable and interdependent (Haesbaert and Limonad, 2007) . Albagli (2004: 27) states that: "Territorial differences and inequalities lie both in their own physical and social characteristics and in the way they fit into larger structures. Each territory is thus shaped by the combination of internal and external conditions and forces and must be understood as part of a spatial totality."
For example, studies in the public health field often use deprivation indices at the area level rather than individual information to identify areas of greater vulnerability, thus less healthy, which are priority areas in the fight against health inequalities (Allik et al., 2016; Knighton et al., 2016) . These indices, also called Geographic Deprivation Indices, generally use census data and are validated in Western Europe (Knighton et al., 2016) . Since deprivation is a multidimensional concept, composite indices in opposition to a single indicator better reflect the true level of deprivation at different geographic scales, as the existing evidence suggests (Lian et al., 2016) .
As mentioned previously, each territory is the product of the interaction between physical and social aspects, and both dimensions of the territory are composed of a large number of indicators. The objective of this study is to classify the area of the Municipality of Lisbon, at the statistical section level, integrating information on the physical and social aspects, simultaneously, and to test the existence of spatial autocorrelation.
Methodology
This study was carried out in the Municipality of Lisbon, capital of Portugal, which is composed of 1054 sections. However, the analyses performed refer to 1053 sections due to lack of information for one section. 
Data collection and organization
Data used in this study was collected at the statistical section level and was collected from the 2011 census. Sixty-one sociodemographic, economic and building variables were freely available and collected on the National Statistics Institute (INE) website. Information on land use (at level 2) was collected on the Territory General Directorate website and comprised 11 variables, dated from 2007.
Data were grouped in two large dimensions: Physical Aspects (PA) that include information on buildings and land use, and Social Aspects (SA) integrating demographic and socioeconomic information. Afterwards, the information was converted into percentage resulting in 34 indicators in the PA dimension and 24 indicators in the SA dimension.
Data Analysis
All statistical analysis was performed using SPSS (v.22) except the Moran I that was calculated in ArcGIS (v.10.4.1).
In order to reduce the number of indicators in each of the dimensions (PA and SA), the statistical method used was the Principal Components Factor Analysis (PCA). The PCA was performed with a Varimax orthogonal rotation, which facilitates the interpretation of the components by maximizing intra and intercomponent variation, thus seeking that in each component only some indicators present high loading values, appearing in the other factors with values close to zero.
PCA on PA initially resulted in 12 factors according to the Kaiser method (value of eigenvalues above 1). To reduce the number of factors, some of the original information was excluded (indicators that presented loadings between -0.49 and 0.49 in all the components initially extracted), which resulted in a new extraction of 6 factors. No indicators were excluded from the SA dimension because the results of the first analysis were more parsimonious: 5 factors. In addition to considering the loadings, the scores or coordinates resulting from the PCA were analysed and mapped.
PCA were followed and complemented by an Ascending Hierarchical Classification (AHC), commonly known as cluster analysis, performed with the 6 PA factors and the 5 SA factors. AHC was computed using the Ward method and the Euclidean quadratic distance as methods of similarities and distances between elements and between groups of elements.
Moran's I measures the spatial autocorrelation by analysing the degree of dependence between the values of the sections estimating how much of the value of each section depends on the values of the neighbouring sections. This index varies between -1 and 1 -the closer it is to 1 the stronger the spatial autocorrelation, the closer it approaches -1, the less similar are the neighbouring areas. When the value is equal to or close to zero it means that there is no spatial autocorrelation, that is, the study areas are spatially independent. In order to calculate the statistical significance of Moran's I, the pseudosignificance test was used.
Moran's I was calculated using CHA results (clusters), previously calculated in SPSS and imported into ArcMap. CHA was computed choosing the contiguity of boundaries and corners as the conceptualization of spatial relations, that is, taking into account the values of all the sections that share a border, a nodule or that overlap.
Results

Principal Components Factor Analysis
Physical Aspects Table I shows the value of the highest loadings per factor and the respective percentage of variance explained. The six resulting factors account for almost 75% of the variance in this group of indicators. The first factor is related to housing conditions, such as the percentage of houses with water, toilet and sewage. The variables that most contribute to the second factor are the percentage of houses with 50m 2 followed by the houses with one or two divisions (Housing Dimension). The third factor is related to the percentage of empty houses and mainly nonresidential buildings, as opposed to family houses (Non Residential). The percentage of buildings with 3 or more floors and the predominantly urban land use, as opposed to the percentage of buildings with only 1 or 2 floors are highlighted in the fourth factor (Urban Area). In the fifth factor, the indicator with the highest loading value is the percentage of buildings with plate (Construction Material), and finally in factor 6 (Agricultural Area), the percentage of land uses of temporary crops is the only indicator with a high loading value. 
Social Aspects
Ascending Hierarchical Classification (Clusters Analysis)
The performed classification suggested the formation of four distinct clusters. Figure 4 and Table III synthesize information by cluster allowing a better understanding of each cluster meaning. In the graph of Figure 4 , which presents the means of the factors per cluster, one can verify that each cluster represent a different conjugation of factors' values.
Fig 4 Mean factor score per cluster
Note: The average value of factor 6 PA (Agricultural Area) is too high to be represented in this graph (13,79).
In summary, cluster 1 integrates sections that are similar in terms of the size of housing (small housing), with a low socioeconomic level and with families with under and over 15 years old individuals. Cluster 2 predominantly consists of urban sections with good housing conditions, families with over 15 years old individuals and employees in the tertiary sector. In cluster 3, sections are characterized by the small size of housing and mainly non-residential buildings. In this cluster, there are low socioeconomic level sections as well as sections with employees in the tertiary sector. Cluster 4 is uniquely related to the agricultural area, regarding land use typology. 
Conclusions
The categorization of the territory is a complex task essentially due to the multidimensionality of the concept "territory" and to the large number of territorial indicators available. However, it is essential to know the territory in depth, to understand its differences and to interpret them. Only this way one can intervene to attenuate these differences, in particular through strategic and targeted planning.
PCA is the most appropriate statistical analysis to reduce the number of indicators needed to describe territorial units, without prejudice of losing relevant information. However, the spatial representation of the factor loadings distribution by sections is difficult to read and interpret.
The application of HCA to PA and SA factors together facilitates the interpretation of the distribution of these characteristics by cluster and section after mapping.
Moran's I proves the spatial autocorrelation of the mapping of the distribution of clusters by sections. Sections with similar PA and SA are geographically closer and spatially pooled significantly.
The grouping of sections by clusters is relatively uniform per parish and there are also parishes whose sections belong almost exclusively to a single cluster.
The methodology of factorial analysis, followed by hierarchical analysis and its mapping and spatial autocorrelation test through the Moran I, proved to be useful in the analysis of the statistical sections of the Municipality of Lisbon. The aggregation of sections by sections classification with clusters is not due to chance and the interpretation of the information of each cluster seems to be theoretically valid. However, this methodology needs replication in other territories and at different scales in order to prove its broader applicability.
